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Optimal Tire Design Using Machine Learning and Bayesian
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Product design optimization plays an important role in the manufacturing industry. In the tire manufacturing
industry, design optimization process traditionally involves generation of tire design candidates and quality
prediction by using finite element analysis (FEA). However, this traditional process requires expert’s
experiences to derive design candidates that satisfies target quality. In addition, FEA requires a lot of time to
obtain the prediction results although it provides accurate predictive performance. To overcome these issues, we
propose Bayesian optimization based on a predictive model for the tire design. We train a model that can predict
multiple quality variables and perform Bayesian optimization that can optimize numerical and categorical
variables simultaneously. Results show that the proposed method can effectively predict and optimize the tire

design with reduced time complexity.
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Figure 1. Tire Manufacturing Processes
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Stage 1: Multioutput Regression

Tire design data (x)

Stage 2: Bayesian Optimization
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Predicted response variables

Optimal design data
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Figure 2. Overview of Tire Design Optimization
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Algorithm 1: Optimal Tire Design Using Machine Learning

and Bayesian Optimization

l:
2:

SN D B W

7.
8:
9:

10:
11:

12:

13:

14:
15:

16:

Input: training set D, target quality set 7’ design space
O, number of initial points k, maximum number of
evaluation n,,,,

Output: ",y

Train multioutput regression model A for D

Forall 7.€ 7"do
Set £(+) = Ty

— @) pp)?

Select the initial configuration z, ,€6.
=flzy ).
Construct the surrogate model on z; _;, y; 4.
Forn=k+1,-, n__ do

max

X(-T)(/VS)Q +( TRRC, _7\(37)31?1;)2

+(TFE

Evaluate the initial score g,

Select a new configuration =, ©© by optimizing an ac-
quisition function M/GFI,

x, =" ST MGFI(x)
Evaluate f in z, to obtain a new numeric score

y" = f(xﬂ)
Extend the data set by appending z,,, y, to =, y
Reconstruct the surrogate model on the augmented data

set x,y
End for

Table 1. Variables Description

Seok Cheol Hwang - Seoung Bum Kim

4.1 gfo]o] A dlo¥
& Aol A AHES ElolE = AAl S Elolo] 7199 A A

A NA 3 H Bl ol 2 % 1,5937] 0] ¥ <Table 1> 2.2F31%]
o A E F 4670 2 EFo] o] A7 (tire size), EFo] o] AU A

3§ ZZ(indoor test condition), X| *(dimension), 1.5 ‘;‘ Bt
(material name) 52 A B & 0] Fo{ 7] 1grq :rLzﬂ o 1:51 o

714 B} S E gl AR
T T 2 PR S H AL
Al Ag S 3 1A %,\(constants)ﬂ- 24 ,_—’F(dec1s1on varia-
bles) 2 T2 F ‘E} HFS M 4= (S, RRe, LY L FTE 74
AT CSE kol 245 T2 Eholo] F4 o 833, RRe <} FT
Ex—}‘%—?%;éﬁﬂ Jo] #4 & on| gttt whebA, CS,RRe &
FTE EF 0| E-Q Z(trade-of N A Z A A G 2L 7IA = A
o] F83lth B ATl A AHE-gElolH & A Y Brolo AAY
O] ZHE o]} e EAol A HIH 2F O E FH3 Hlo]H
E HAS TP A FE FE YL OE &3

<Figure 3> 7} ¥H-&# 4221 CS, RRe, FTOl| T3t 8] 2E1
ol k. CSE 33790141 2,638.80°] WA Z, RRe 5.5200141 9.29
o WYE, FTS 50.82914 95.899] M2 RF2H| Y&
Sl o At CS9 FTE T4 A A 7 g e
5 Ho|1 9loH, RRew THE WS HIg| dH 02 X
AR FEE Bol gtk Al 7HA HEERFE AE GE @
A5 AL JeEE £AY HAuuses E2F A3
(standard scaling)E, WHEHTE HA-Ho A3 min-max
normaliazation) S AH&-34] 0ol A 1 Ato] ko 2 HEE ¢

FRLEEEEY LT

A7 429 HolEE st Holy 0%, 245 HolH
10%, B7FHlo 8 20% 2 £&at At & A2 A WA gA
o= ndye Y& ¥ 37 2 (linear regression), B2
(LASSO; Tibshirani, 1996), &] AH2 % L}-7-(decision tree; Breiman

: ) . Optimization Variables
Variables Type Variables Name Data Type Description T
ype
Tys oy Ty Integer Tire size
Ty, 0y Ty Float . Constants
Explanatory - Indoor test condition
. Ty Categorical
variables
Tigs "t Tag Float Dimension . )
- - Decision variables
Tgps s Ty Categorical Material name
i Float CS
Response . S
. Yo Float RRe Multiple objectives
variables
Ys Float FT
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Figure 3. Histograms of Response Variables(CS, RRc, FT)

etal, 1984), N TP 2 E, 1¢ o]t A E B2 E(gradient boost-
ing; Friedman, 2001), CatBoost(Prokhorenkova et al., 2018), L& 1.
3FAAY Y T2E AP AL AT A H BE A4S
2Hl 2370 §HE ¥4 CS, RRe, R FTS B/ o 85 2 o 2 75
05 29 o 229 (multioutput regressor) < AH-3H ST, ©]
wf 2l obc} A 2} & (grid search) S 53 71 S5 A= A5
< Hol=gtolHutgtr|HE AAst JF oS nd S 753}
Aok A A 2d-& 1,000 9 ol Z(epoch) T A5 HolE 9] &
A ghol 718 A2 o Fof a et REl S HF R 2 A
3.

AA Efolo] A2 Y AAAZTEH HAS} I AFLE &
A2 16700 Al F-& AR B AT F A BA Q] H A3}
A s APt golof R gt 137 A rE
(zy, - 2y5) & DAY 7 AA S A 3= EHo]of 271 H A
g zdo]7] w ol A AA $74E ) vy str] 98 Ebol
o] AR Ws RS Tof W Bro]of A g A7 W
(T s 140) S A WO 2 SFGITH B3 BRolo] A 58

+ 5% FH& 2As] A8 g dolee 5% F44%
(T Trpo Trp)e B3t H A3 2435 78T
AT o S BE(A(2)) A A DAY o Z A S F
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Histogram of force transmissibility
7 RRC 8 9 50 60 0 FT 80 o0
8 7H e 45 S nolt mue Adsgt Wol Ao A7
sk 27 el 2 g 753 9lshod 10) W whalg 11
SAT, %25 W PAL AR BH PSS H LB
B o}, & AT A A4 F IS F5 MGFIS] Sl 5 sheb]
B¢l 1= 05 5744 AR st A& WA, 3 L5271
7hg MR 302 AT AEH 0.2, 2 Eolo] A Fof 3
gote s SR FAe o] 77 A3 B A A3 g Y
A7 AARE AEHET
4.3 95 29 4% H7t

B AFodA = o F ZhY H5s Hrtstr] s 2AA S
(R)% H At WE-E 2 2K(mean absolute percentage error,
MAPE)E AH83H% 21 o] &= 2] (5)9 4] (6)oll A B 51 %)

R2_ 1— Z'vl\vzl(yn_?}n)z 5
BRSTa P ®)

n=1 \Yn-Y
MAPE= %ZLI InYn (6)

n

A7VA y, 5F 5, 27wl BEA BT AAGH A5

Table 2. Performance Comparison of Predictive Models in terms of CS, RRc, and FT

cs RRc FT
Predictive Model

redictive Models R MAPE R’ MAPE R MAPE
Linear resression 0.69 7.92 041 2.64 0.83 1.96
g (0.14) (0.74) (0.72) (0.35) (0.12) (0.15)
0.60 12.34 0.34 5.08 0.59 411
LASSO (0.04) (1.09) (0.22) (0.27) (0.04) (0.19)
Decision trec 0.87 353 0.69 171 0.89 129
(0.04) (0.63) (0.39) (0.35) (0.04) (0.15)
Random forest 091 314 0.80 132 0.93 113
(0.03) (0.43) (0.23) (0.12) (0.02) (0.09)
Gradient boostin 0.91 2.97 0.82 1.09 0.93 0.93
g (0.03) (0.50) (0.22) (0.11) (0.02) (0.09)
CatBoost 0.90 376 0.81 1.70 0.93 132
(0.03) (0.43) (0.23) (0.16) (0.02) (0.10)
Deen meural metwork 0.89 2.50 0.70 1.67 091 0.87
P 0.11) (0.82) (0.18) (0.20) (0.22) (0.24)
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Ne F B2R9 A4S Yt R'e BHEuse] WEd & A g3k AT E <Figure 4> YERITH 2H 29
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Ak A A} 37 whg He BF GAE AL Ay g T 22(a)F 32 (b) A Aol Tt <Figure 5>9 22} (a) =H
2E, O 0TI E B8 CatBoost RO R* 7| E& 4 & oH E}OM FA ARAQ g T AF #Hd 72
& HoFon o]FdAE nAEAUr 1 otdE E AT Atk EYEE ERY :”Urz‘ HEsthe F
RHrvo] 714 28 A% BYT CSYFTY 4 $-09101%, €5 9 1 3ta 22 Esteel belty= EF =9 244 A U3
RReE 0829 RPAS L 71 & g2 A By o)l wel 3 & Elojo]d HAY L wol= 9T-L sty =3, EF =9} g
A A S FE3 AT F Sle Hod ol o] ZHF-Q Ato] =4 Abo] ol HA| 3 £ (shoulder) o} HI = l"@r
o 78S F= v= T (bead fillen)Z TAH ] St C
4.4 23 4% 97} jirﬂfi}_‘i Hig‘ﬂEﬂ WA A “ﬁlﬂ&’it RRcoll vﬂé‘}E
= EYC REY Fo7t A AAHUES & F AT =
Hlo| A ¢k HA 3} At 7 glojo] 271¥ Bx FHL& 2 o EHE FE Ao ZU(flanstA o] FojA 9dof CS
ke AAge] R2HAEAE Fd7] Y8 & 848 RRe BF F@ 34 253 oW, FI7L #2818 & 9l=
AMS F83ch MEA 529 H A MAHS dggte  F SUFE] T2, HE Bt BA AAHA des &
2445 §3 22 NS B Ao g FA g AT 5 AU Aol=E £ A9 CS,RRe, FT 7L EFo] =
3 AA3 AF A QT ZE FA £XE nwsdt.  LZ AAVL A= ol & A A9 HJ’*EP AA kol AR A=
RS} MAPEE B3] T 7}A £49 A4S st = € F AT Bolo& Al Ao F53te FF0]
<Table 3>& 713 =& Oﬂi %% Hol JfotdE A EE AFAHOE & 31--2(wheel house)®] A71& 13 A
Bl RS BAE \(p) B AFLS A3 ARE HojFa AF ok sted 228 AARY A5 Eolo9 A4 2
otk 7h4 F9 Eolo] FH SE AAAF 71ZF 0912 & o 7A8E A7) WolA FAEsA AAEANSE FAS F 9
F FA9 M S S Bgor RReS FT 94 22k dTh
Table 3. FEA Results of Tire Design Data Optimized from Gradient Boosting and Bayesian Optimization
CS RRe FT
R’ MAPE R’ MAPE R MAPE
0.91 7.14 0.63 6.54 0.70 6.17
Cornering stiffness Rolling resistance coefficient Force transmissibility
_ vo a0 .
" O A I B
8%00' .- ] 57‘5 e . ’ R ® .
EW or éw . it . E . .
N e S o
1000+ o 6.0 e
Y e Cs C " M rrgetRRe ? % TagetPr

Figure 4. Scatter Plot of Optimization and FEA Results
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Figure 5. 2D and 3D Illusirztion of a Tire Derived from Optimal Desi(gn)Results
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Figure 6. t-SNE Visualization of the Optimal and Original Design
Data
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